Abstract: This study develops a biennial Malmquist-Luenberger productivity index that is used to measure the sources of economic growth by utilizing data envelopment analysis and the directional distance function. Taking restrictions on resources and the environment into account based on the green growth accounting framework; we split economic growth into seven components: technical efficiency change, technological change, labor effect, capital effect, energy effect, output structure effect and environmental regulation effect. Further, we apply the Silverman test and Li-Fan-Ullah nonparametric test in combination with kernel distribution to test for the counterfactual contributions at the provincial level in China from 1998 to 2012. The empirical results show that: (1) technological progress and TFP make positive contributions to economic growth in China, while technical efficiency drags it down; (2) the effect of output structure and CO 2 emissions with environmental regulation restrain economic growth in some provinces; and (3) overall, physical capital accumulation is the most important driving force for economic take-off, irrespective of whether the government adopts environmental regulations.
Introduction
Over the past 30 years, economic growth in China has attracted worldwide attention since the country embarked on reform and opened up. However, China has paid a heavy price in terms of resources and the environment for its significant economic growth. After the Asian economic crisis in 1997, some scholars even began to question whether China's overheating economic growth is sustainable. Krugman [1] argued that Asia, including China, succeeded because of its investment in resources instead of a promotion of efficiency. During the period of the "11th five-year plan", China's resource productivity was at $320-$350 per tonnes with the rapid growth of direct material input, and the output efficiency of its resources was below those of developed countries. Its CO 2 emissions were generated by primary energy doubled from 3.47 to 7.18 billion tonnes from 2000 to 2009, making China a major contributor of CO 2 emissions in the world. By the end of 2006, however, China had made some substantial progress in pollution reduction. The economic benefits arising from the implementation of its cleaner production program amounted to 4.4 billion CNY, and the direct economic benefits generated by energy saving amounted to 5.5 billion CNY. However, the costs of environmental pollution abatement are still increasing along with economic development. In 2011, the country's environmental pollution control investment was 602.62 billion CNY, accounting for 1.27% of GDP. Consequently, the high intensity of resource consumption and environmental pollution shows that Chinese economic growth is still mainly based on the extensive growth feature of high input, high consumption, high emission and growth without development, and is not driven by the green growth approach of improving TFP.
Suffering from the dual challenge of economic growth and resource and environmental constraints, China must implement strict or appropriate environmental regulation, energy savings initiatives and other mechanisms to reduce the negative impact on its environment without reducing the rate of economic growth. Further, China urgently needs to transform the pattern of economic growth so as to realize a win-win solution for environmental protection and economic growth. To this end, it is necessary to understand what the sources of the country's economic growth are. However, the traditional accounting of sources of economic growth does not consider the factors of energy and the environment. In addition, this accounting method may lead to a misleading result.
Thus, the main purpose of this study is to discover China's sources of economic growth with the constraints of resources and the environment. The study uses the frontier technology boundary analysis and output-oriented directional distance function (DDF) to propose a decomposition of the sources of economic growth within the green growth accounting framework (GGAF), and then to measure the sources of China's economic growth between 1998 and 2012 based on the new biennial Malmquist-Luenberger productivity index.
The rest of this paper is organized as follows. The next section features a brief review of the relevant literature pertaining to the sources of economic growth. The theoretical methods, which contain the biennial Malmquist-Luenberger productivity index and the GGAF, are introduced in Section 3. Section 4 discusses the data and empirical results. In Section 5 describes the above tests that were conducted to further analyze the distribution dynamics of economic growth from 1998 to 2012. Finally, Section 6 presents the conclusions and policy implications derived from the study.
Literature Review
Economic growth is an important foundation for the economic and social development of a country or region. Thus, its sources, internal mechanisms, and implementation have become core issues that economists continue to explore. Much of the existing literature has described and analyzed the sources of China's economic growth. Some researchers [2] [3] [4] showed that China's economic growth mainly comes from factor accumulation, especially capital. Chow [ 5] first discovered that capital accumulation played a major role in explaining China's growth from 1952 to 1980 with the absence of technical progress. Kim and Lau [ 6] applied the aggregate meta-production function framework and found that growth mostly resulted from the growth of tangible inputs, that is, capital and labor, and not technical progress or TFP. Other researchers later found that TFP was the primary driving force behind China's growth [7] [8] [9] [10] . Borensztein and Ostry [ 11] believed China's technological progress was slow even though TFP made a remarkable contribution in the post-reform period. Hu and Khan [ 12] further found that the sharp and sustained increase in TFP accounted for the unprecedented economic growth observed during the reform period while capital accumulation played an important role in China's economic growth from 1952 to 1994. Chow and Li [ 13] found that productivity growth accounted for almost 32% of growth, while capital accounted for 54% and labor 13%. However, Ding and Knight [ 14] concluded that structural change and productive efficiency, benefiting from the improved resource allocation, technology and competition, helped to explain the remarkably high growth rate.
An assessment of the above literature indicates that previous studies have two shortcomings. On one hand, most studies used the parametric method, but this method's accounting accuracy in terms of economic growth has been questioned [ 15, 16] because it needs to set the production function and the error term. On the other hand, the studies focused on traditional factors, but not on energy consumption and CO 2 emissions with environmental regulation. Energy and the environment are endogenous variables and double rigid constraints on economic growth. The dual reversed transmission mechanism of the influence of energy conservation and environmental regulation on economic growth, can promote energy productivity and the transformation of the pattern of economic development. Energy consumption is a forceful driver for the growth of GDP [17] [18] [19] [20] . Koop [ 21] noted that input changes of CO 2 emissions are a negligible factor in explaining growth. Chang [ 22] concluded that GDP growth is indissociable from increases in both energy consumption and CO 2 emissions. Wang et al. [ 23] found that reducing CO 2 emissions may handicap China's economic growth to some degree. Kareem et al. [ 24] found a causal relationship between CO 2 emissions and economic growth with the causality running from CO 2 emissions to economic growth. However, most of the researchers investigated the existence and direction of Granger causality between economic growth, energy, and CO 2 emissions, rather than growth accounting incorporating energy and environmental regulation.
If the composition of output and the methods of production are immutable, then the environment would be inextricably linked to the scale of global economic activity [ 25] . CO 2 emissions, a measure of environmental regulation variables, can be chosen as an input [ 26, 27] or an output by using the DDF with the nonparametric method such as data envelopment analysis (DEA) [28] [29] [30] [31] . This nonparametric method does not set the form of production functions and especially can be used for growth accounting with multiple inputs and outputs. Therefore, to contribute to the existing literature, this study first expands the biennial Malmquist productivity index proposed by Pastor et al. [ 32] and constructs a biennial Malmquist-Luenberger productivity index with the biennial environmental DEA technology, which can avoid infeasibilities and measures technological progress and regress. Second, this study adds energy and environmental factors into the decomposition and proposes a GGAF emphasizing energy saving and environmental protection. The change in economic growth can be decomposed into seven components: technical efficiency change, technological change, and the effects of labor, capital, energy, output structure, and CO 2 emissions with environmental regulation. Finally, this study utilizes the Silverman test to test for multimodality and the nonparametric Li-Fan-Ullah test to analyze the distribution dynamics of economic growth between actual and counterfactual distributions.
Method

Environmental Production Technology
In order to take resources and the environment into account, we decompose change in economic growth by using the environmental production technology that produces desirable outputs jointly with undesirable outputs. For each time period t = 1,2,...,T, the environmental production technology is described by the output set S(t) that can be jointly produced from the input vector (L, K, E) as follows:
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where the variables L,K,E Є R + denote an input vector for labor, capital and energy, respectively; Y Є R + denotes the desirable or good output of gross regional product (GRP); and C Є R + represents undesirable or bad output of CO 2 emissions. The output set S(t) is assumed to satisfy the standard properties of a technology, that is, S(t) is compact for each input and is a closed set; and inputs and the desirable output are strong or freely disposable. In order to formulate S(t) as an environmental technology, we need to impose two additional environmental axioms: the null-jointness or by-product axiom; and the weak disposability of joint outputs axiom. The first axiom indicates that if firms do not produce a good output, then it is not possible to produce bad output. The second axiom indicates that if all inputs (L, K, E) can produce outputs (Y, C), then it is feasible to reduce these outputs proportionally by θ where (Y', C') = (θY, θC) and 0 ≤ θ ≤ 1. This axiom reveals that it is costly to dispose of an undesirable output with the environmental regulated technology. In other words, we can construct the output set that satisfies the above properties and axioms as
where i = 1, 2, ..., I denotes observations of inputs and outputs; z i is the weight assigned to each observation when constructing the production possibilities frontier; and z i > 0 means that the production technology exhibits constant returns-to-scale (CRS). In addition, the output set at the time period t + 1 can be similarly defined as S(t + 1). Based on the technologies at time periods t and t + 1, Pastor et al. [ 32] introduced a new technology called the biennial technology. The biennial technology can be defined as the convex hull of the period t and t + 1 technologies. Taking the undesirable output into account, we can obtain the biennial environmental technology, which can be denoted as
Biennial Malmquist-Luenberger Index
The traditional production function does not reflect the effect of changes in desirable and undesirable outputs in the production process. In accordance with the shortage function [ 33] , Chambers et al. [ 34] constructed the DDF, which measures the distance to the observation from the production boundary. The output-oriented DDF, which is an alternative representation of the above technology, measures the distance from an observation to the production frontier. The directional output distance function provides a good method for modeling economic and environmental performances. This function at time period t with the biennial technology is defined as
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Equation (5) shows that the BML index is decomposed into two components: technical efficiency change, or EFF and technological change, or TC. The first component, EFF, which indicates a catching-up effect, measures the change in the distance towards the best practice frontier from time period t to t + 1. The second component, TC, which measures technological progress or regress, captures the degree to which the production function shifts from period t to t + 1 by taking the biennial technology as a reference. Because the biennial technology is defined as the convex hull of the period t and t + 1 technologies, we do not need to take the arithmetic mean or geometric mean when defining the BML index.
Green Growth Accounting Framework
The traditional economic growth accounting method only accounts for and analyses the traditional production factors (such as labor and capital). In contrast, the modern economic growth accounting method not only considers the effect of traditional factors, but also focuses on energy and environmental factors that can affect economic growth. Under the restrictions of resource and environment, combined with the DDF and the BML index, we measure the sources of economic growth by utilizing the GGAF method.
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represent the maximum potential desirable output at times t and t +1 given input, desirable output and technology, respectively; and similarly, the functions ) g ; , , , , (
represent the maximum potential desirable output given the biennial technology at times t and t + 1, respectively. 
Equation (6) shows that economic growth change can be decomposed into three components: maximum potential economic growth change (PEGCH), which is measured by using the biennial technology as a reference; technical efficiency change (EFF); and technological change (TC). The first term, PEGCH, measures the maximum potential economic growth change depending on the changes in L, K, E, Y and C along the current period's production frontier. When we assume that the reference technology exhibits CRS, it follows that we can further separate PEGCH into five components by isolating the effects of changes in L, K, E, Y and C between the two time periods with the biennial technology.
Combining Equations (6) and (7), the complete seven-factor decomposition of economic growth with the GGAF method can be obtained by:
The decomposition result from Equation (8) suggests that economic growth with environment regulation is affected by these seven factors. The last five components, measure the effects on economic growth of changes in labor (LE), capital (KE), energy (EE), CO 2 emissions (CAE) and output structure (OSE) with environmental regulation, respectively. The product of LE, KE and EE is the change in the input mix effect (IME). Similarly, the product of the last two effects is the change in the output mix effect (OME).
It is noted that the decomposition of change in economic growth in Equation (8) considers the restrictions of energy and environment. Traditional economic growth accounting does not take energy and the environment into account; its inputs only include labor and capital stock, and its output is GRP, not CO 2 emissions. Because one output, GRP, is considered, the effect of the change in output structure is equal to 1 and we can ignore it in the decomposition. Thus, according to the above-mentioned accounting idea, the decomposition of economic growth in the traditional model without environment regulation is given by:
According to the application of a DEA-type linear programming approach, we can use this method to calculate the value of the seven components and then solve the following LP problem: 
Data and Empirical Results
Data
This study considers 30 provinces in China as research subjects. Data for 15 years between 1998 and 2012 are collected for the empirical analysis. The variables include the inputs (labor, capital stock and energy consumption), and outputs (GRP and CO 2 emissions) in each region. As we aim to study the effects of resources and the environment on economic growth, especially the effect of CO 2 emissions on economic growth, we select energy consumption as one of inputs and CO 2 emissions as one of outputs [ 35, 36] . CO 2 , an environmental factor, is an undesirable by-product accompanied by the production. In addition, CO 2 is mainly due to the use of energy (especially fossil energy), so we should take energy into account.
The data on labor input and GRP are obtained directly from the China Statistical Yearbook [ 37] . Labor input is measured by the number of employees. Data for total energy consumption are collected from the China Energy Statistical Yearbook [ 38] . Energy consumption consists of coal, washing coal, coke, oven gas, oil, gasoline, diesel, fuel, kerosene, liquefied petroleum, natural gas, refinery gas and others. The physical quantity of all energy is converted to a standard amount. There are no official data available for the capital stock of Chinese provinces. Following the perpetual inventory method, the capital stock for each province in year t is calculated as [ 39] :
where K 1900 is the initial value of the capital stock in 1900, I is the real value of gross fixed capital formation, and δ is the depreciation rate. To estimate the capital stock, we need to determine the initial capital stock and depreciation rate. We assume that the initial capital stock in 1900 is 0. This assumption is based on the fact that the capital stock from 1900 to 1952 was completely depreciated. Using investment data from 1952 to 2012 obtained in all provinces, we perform regressions between the logarithmic of the existing investment data and time series data. In addition, then we simulate the 1900 to 1951 sequence investment data for all provinces. Following a recent study by [ 40] , we adopt different depreciation rates for each province.
The actual provincial CO 2 emissions cannot be obtained directly from the official data. CO 2 emissions mainly result from fossil energy consumption. The publication Guidelines for National Greenhouse Gas Inventories [ 41] provides a reference formula to estimate CO 2 emissions. Following this method, we can use provincial-level energy consumption to forecast CO 2 emissions in each province. The forecasting equation is given by:
where j represents the type of energy; E represents a variety of energy consumption; and NCV, CEF and COF represent the average low calorific values of energy, carbon emission coefficients and the carbon oxidation factor, respectively. Table 1 shows the summary statistics of all variables. All nominal variables are deflated to real variables by using a price index for the year 2000. The mean value of desirable output GRP is 6620.05 (100 million CNY), whereas the undesirable output of CO 2 is 23,104.14 (10000 tonnes). In addition, those of labor, capital stock and energy consumption are 2304.33 (10000 persons), 18,642.29 (100 million CNY), 8797.01 (10000 tonnes), respectively. From these values, we can know that China is a big country in terms of energy consumption and CO 2 emissions. Clearly, the high growth in China shows obvious features of high investment, high energy consumption and high emissions. Therefore, the study of China's economic growth can no longer ignore the source of energy and environmental elements.
Empirical Results
According to our GGAF method, we can estimate economic growth and its sources at the provincial level. Table 2 shows each of the components of the decomposition of economic growth from 1998 to 2012 [ 42] . The first row of Columns 2 to 9 for each province reports the contributions to changes in economic growth from the effects of the changes in TFP, technical efficiency, technology, labor and capital stock without environment regulation. The second row for each province with environment regulation shows the contributions to changes in economic growth from the effects of changes in output structure, CO 2 emissions, and energy consumption, including five other components. If the government does not implement green policies, such as environmental controls, firms would not need to pay for pollution emissions from their production process and thus would have little incentive to innovate and improve clean production technologies. Evidently, the differences in the means of changes in TFP, technical efficiency and technology are not substantially altered by environmental regulation. The effects of technical efficiency change on economic growth are less than 1 on average, implying a negative contribution of technical efficiency to economic growth. The biggest efficiency improvements taking measures of environmental governance appear in developed regions, such as Beijing, Chongqing, Guangdong and Jiangsu, as well as in backward areas, such as Guizhou and Sichuan. The mean score of technological change increases from 1.002 to 1.032 with the incorporation of environmental regulation. This indicates that environmental regulation is conducive to regional enterprises adopting new technologies and promotes technological progress. Among them, the provinces demonstrating rapid technological progress are Beijing, Tianjin, Fujian, Inner Mongolia, Liaoning, and Shanxi. We specifically need to point out that some provinces, including Beijing, Inner Mongolia, Liaoning, Shanxi, and Tianjin, emerge with technological progress greater than 1, considering energy and environmental factors. With environmental regulation, TFP did not appear to deteriorate in the case of the deterioration of technical efficiency. The great improvement in TFP (from 0.996 to 1.001 on average) is driven primarily by the rapid increase in technological progress. The TFP indices are generally higher in developed regions such as Beijing, Guangdong, Jiangsu, Shanghai, Tianjin, Liaoning, Heilongjiang and Zhejiang. This study demonstrates that technological progress and TFP make positive contributions to economic growth in China, while technical efficiency drags it down.
As shown in Columns 5 to 6 in Table 2 , the accounting results of the changes in output structure and CO 2 emissions are less than 1 on average, considering environmental regulation. These results indicate that the exacerbation of output structure and CO 2 emissions effects have an adverse impact on economic growth and inhibit the growth of GRP in the long run. The output structure effect in most provinces is not less than 1 and promotes economic growth. Compared with Beijing, Chongqing, Gansu and other provinces, Tianjin, Heilongjiang, Inner Mongolia, Liaoning and Shanxi exhibit the smallest output structure effects, which are 0.994, 0.976, 0.899, 0.953 and 0.938, respectively. In terms of the CO 2 emissions effect, 28 provinces have scores far smaller than 1, while rich regions such as Shanghai and Guangdong exhibit values equal to one. In fact, if there is no cycle of production technology and other advanced conditions, the more CO 2 emissions, the more inputs such as raw materials are needed in the production process, which causes enterprises to produce less desirable outputs. Thus, the regulation of CO 2 emissions could restrain GDP growth to some extent.
The last three columns of Table 2 report the effects of the input mix. As is shown, the accumulation of physical capital plays a decisive role in economic growth. The effect of physical capital rose to 1.256 with environmental regulation from 1.115 without environmental regulation. LE exhibited no significant change. It is interesting to note that the KE of 26 provinces greatly improved after the consideration of environmental regulation, while that of Beijing, Fujian, Guangdong and Shanghai declined, albeit their LE greatly improved. With regard to the energy effect, EE on average made some contribution to economic growth. Over the 15-year period, the energy effect had a greater impact on economic growth in Jiangsu, Shandong, Hainan, Chongqing, Fujian, Guangxi, Hunan, Qinghai, Sichuan and Zhejiang. EE was equal to 1 in Anhui, Jilin, Gansu, Guizhou, Hebei, Ningxia and Xinjiang, but EE exerted a negative influence on economic growth in eight provinces, including Beijing, Heilongjiang, and Shanghai.
To demonstrate the relationship between the contributing factors and the initial level of GRP, Figure 1 plots the decomposition indexes against GRP in 1998, along with GLS regression lines [43] [44] [45] . Figure 1a shows that TFP change was positively correlated to GRP in 1998. Figure 1b shows a similar relationship between technical efficiency change and GRP. Both regression slope coefficients were statistically insignificant, demonstrating that neither TFP change nor technical efficiency change contributed significantly to economic convergence at the provincial level in China from 1998 to 2010. The statistically significant negative slope coefficient in Figure 1c suggests that the effect of technological change significantly contributed to convergence in economic growth. The positive sign of the statistically insignificant slope coefficients in Figure 1d -f indicate that the effects of changes in output structure, CO 2 emissions and labor did not significantly contribute to convergence, even though the contribution of CO 2 emissions had a wide dispersion. Figure 1g shows that the regression coefficient for change in physical capital accumulation was negative and statistically significant, indicating that the change contributed to convergence. Finally, as shown in Figure 1h , even if the contribution of the energy effect showed a wide dispersion and its coefficient was negative, the coefficient was statistically insignificant, suggesting that the energy effect also contributed little to convergence. 
Analysis of Distributions Dynamics of Economic Growth
Although we now understand the relationship between the contributing factors and the initial level of GRP, we should further analyze the distribution dynamics of economic growth from 1998 to 2012. Figure 2 describes the plots of the distributions of GRP across 30 provinces in 1998 and 2012. It is easy to determine that the distribution of GRP in 1998 is unimodal, but after 15 years, this distribution appears to bimodal with a higher mean in 2012. Silverman [ 46] proposed a method (called the Silverman test) to test for the transformation theoretically [ 47, 48] . With the application of this test for the multimodality of the actual distributions in 1998 and 2012, Table 3 reports the statistical significance levels for the tests of the null hypothesis that the kernel density has at most j modes against the alternative that it has more than j modes. As shown in Table 3 , the p-value in the 1998 distribution is 0.262 with the null hypothesis that the kernel density has one mode, indicating that the 1998 distribution has a single mode. For the 2012 distribution, the null hypothesis that it has one mode is rejected (the p-value is 0.043) while the null hypothesis that it has two modes cannot be rejected (the p-value is 0.523). This shows that the 2012 distribution is indeed bimodal. Thus, it is true that the distributions of economic growth moved from being unimodal to bimodal over the 15-year period. To further enhance this result of multimodality and understand the degree to which each of the seven components of the decomposition of economic growth change affect the distribution of economic growth from 1998 to 2012, we extend the analysis of the distribution dynamics by using the actual and counterfactual method with a nonparametric test, as developed by [ 49] and [ 50] . The method tests for the statistical significance of the differences between actual and counterfactual distributions that are two unknown distributions. Wang [ 51] also employed this test to study economics. The method indirectly tests for the statistical significance between the relative counterfactual distributions of the seven components of the decomposition of economic growth and the actual 2012 distribution. If we set the two unknown distributions as f and g, then the null hypothesis of this test is H 0 : f(x) = g(x) for all x, and the alternative is H 1 : f(x) ≠ g(x) for some x. The decomposition of economic growth change with environment regulation in Equation (8) can be re-expressed as:
Therefore, GRP across the provinces in 2012 can be constructed by successively multiplying GRP in 1998 by each of the seven components. According to this idea, we can segregate the effect on the counterfactual distribution dynamics of economic growth by the sequential introduction of each of these components. If we consider only the impact of change in technical efficiency, the counterfactual GRP distribution of the variable in 2012 can be given by 12 98
If we multiply by the effect on technological change once more on the right side of Equation (14), the counterfactual GRP distribution of the variable in 2012 can be given by 12 98
Analogously, we can obtain the remaining counterfactual GRP distributions of the variables generated by sequential introduction of components of the decomposition. Ultimately, these results test for the counterfactual distributions and the actual 2012 distribution as shown in Appendix Table A1 .
As Appendix Table A1 shows, the first t-test statistic value is 3.0925, which rejects the null hypothesis at the 1% significance level. This test result is consistent with Figure 2 and the result of the Silverman test in Table 3 , suggesting that the counterfactual distribution is significantly different to the actual 1998 distribution. The next seven tests demonstrate the null hypothesis of identity of the counterfactual distributions by the sequential introduction of the seven contributing components of change in economic growth and the actual 2012 distribution. At the 1% significance level, Test 7 with physical capital accumulation alone easily accepts the null hypothesis and the other tests reject the null hypothesis that the counterfactual distributions are not identical to the actual 2012 distribution. These seven results indicate that physical capital accumulation is the key force for transforming the economic growth distribution and this factor alone made a big contribution to the shift to bimodality from 1998 to 2012. The other six factors played a minor role in explaining the comprehensive change in the distribution between 1998 and 2012. Tests 9 to 127 compare the actual distribution in 2012 with the counterfactual distribution with effects from the given two, three, four, five and six of the seven components.
The above analysis on economic growth distribution dynamics uses a formal test for the statistical significance of the differences between the counterfactual distributions and the actual distribution in 2012. Simultaneously, these results can be reinforced and illustrated by using figures of kernel distribution as shown in Figures 3 to 4. Figure 3a , which is only combined with the effect of technical efficiency change, shows that the counterfactual distribution seems to be identical to the actual 1998 distribution, not the actual 2012 distribution. This indicates that technical efficiency made a small contribution to the promotion of convergence of the distribution. Even though the counterfactual distribution includes the effects from the changes in technology, output structure, CO 2 emissions and labor successively in Figure 3b -e, these results would not change dramatically. Until it takes physical capital accumulation into account, there is almost no significant difference between the counterfactual and the 2012 distributions (see Figure 3f) . The results in Figure 3a -f are consistent with Test 2, 9, 30, 65, 100 and 121 in Appendix Table A1 . Figure 4a compares the actual 1988 and 2012 distributions with the counterfactual 2012 distribution, combined only with technological change. It shows that the kurtosis of the counterfactual 2012 distribution reduces, but is still different to the actual 2012 distribution. When combined with output structure change in Figure 4b , the shape of these distributions does not change much. These results indicate that both the effect of technological change and the joint effect of technological change and output structure change played a minor role in economic growth over the 1998 to 2012 period. Considering the additional effect from the changes in CO 2 emissions and labor in Figure 4c ,d, the counterfactual distribution moves much closer to the actual 1998 distribution. When physical capital accumulation is added to the counterfactual distribution in Figure 4e , its mode shifts to the left and it moves much closer to the actual 2012 distribution. This demonstrates that physical capital accumulation is the core contributor to change in economic growth. Figure 4f describes the counterfactual distribution with the joint effect of six components including the change in energy consumption. It illustrates that the counterfactual distribution moves further toward the actual 2012 distribution, though its shape changes only slightly and its tail extends. In addition, the six panels of Figure 4 According to the analysis, we can successively introduce the changes in output structure, CO 2 emissions, labor, physical capital accumulation and energy consumption in combination with each other. However, regardless of whether the combinations include two, three, four, five or six components of the decomposition, the shape of the counterfactual distribution does not change significantly. Only when physical capital accumulation is added to these combinations does the counterfactual distribution increasingly exhibit a bimodal shape and appear identical to the actual 2012 distribution. In summary, along with the process of economic growth, physical capital accumulation plays the most important role in changing the distribution from unimodal to bimodal during the period of 1998-2012. 
Conclusions
In this paper, we introduce a new biennial Malmquist-Luenberger productivity index by using the biennial environmental DEA technology and directional distance function. Based on the proposed BML index in consideration of resources and the environment, this article employs the green growth accounting framework to decompose economic growth change into seven components at the Chinese provincial level during the period from 1998 to 2012. These decompositions can measure the impact of the changes in technical efficiency, technology, output structure, CO 2 emissions, labor, physical capital accumulation and energy consumption on economic growth.
The results demonstrate that TFP promotes rapid economic growth, mainly because technology has made great progress, and even compensates for the negative effect brought about by the deterioration of efficiency, and technological progress contributes to convergence. However, the improvement of output structure is not apparent. The effect of CO 2 emissions with the emergence of a serious deterioration discouraged economic growth in some provinces between 1998 and 2012. Labor and energy are important sources of economic growth and their increase stimulates rapid economic growth. The energy effect contributed little to convergence. Undoubtedly, a high physical capital accumulation is the most important driving force for economic take-off, irrespective of whether the government implements environmental regulation or not, and it also makes a big contribution to convergence. In other words, economic growth is still mainly dependent on factor inputs, but not efficiency or TFP in China.
After that, we apply the Silverman test to confirm that the economic distribution changes from unimodal in 1998 to bimodal with a higher mean in 2012. In addition, the nonparametric test, in combination with some figures of kernel distribution, is performed to clarify the effect of each component of the decomposition on economic growth and makes the results more robust. Therefore, based on our research findings, the Chinese government needs to recognize that the high growth in factor inputs will not only result in a waste of resources, but also in environmental pollution. In order to achieve resource-saving, environmentally-friendly and sustainable macroeconomic growth, China should increase public investment in education and technology, accelerate industrial upgrading and then enhance the rate of technological progress and TFP. Only in this way can Chinese economic growth transform from an extensive program of increasing factor inputs to one with a green growth pattern driven by TFP.
The method of the green growth accounting framework can decompose economic growth change into seven components, and estimate the degree to which each of the seven components of the decomposition of economic growth change affect the distribution of economic growth from 1998 to 2012. However, there is sampling variability and thus statistical uncertainty about these estimates [ 30] . Parteka and Wolszczak-Derlacz [ 52] followed a bootstrap procedure to obtain bias-corrected estimates of Malmquist indices and their components and their confidence intervals [ 53] . Therefore, we can further adopt consistent bootstrap estimation procedures to obtain bias-corrected estimates of these indices and their confidence intervals, which test the significance of these indices' effects on economic growth. 
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